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Abstract: The evaporation of water from land into the atmosphere is a key component of the
hydrological cycle. Accurate estimates of this flux are essential for proper water management and
irrigation scheduling. However, continuous and qualitative information on land evaporation is currently
not available at the required spatio-temporal scales for agricultural applications and regional-scale water
management. Here, we apply the Global Land Evaporation Amsterdam Model (GLEAM) at 100 m
spatial resolution and daily time steps to provide estimates of land evaporation over The Netherlands,
Flanders, and western Germany for the period 2013–2017. By making extensive use of microwave-based
geophysical observations, we are able to provide data under all weather conditions. The soil moisture
estimates from GLEAM at high resolution compare well with in situ measurements of surface soil
moisture, resulting in a median temporal correlation coefficient of 0.76 across 29 sites. Estimates of
terrestrial evaporation are also evaluated using in situ eddy-covariance measurements from five sites,
and compared to estimates from the coarse-scale GLEAM v3.2b, land evaporation from the Satellite
Application Facility on Land Surface Analysis (LSA-SAF), and reference grass evaporation based on
Makkink’s equation. All datasets compare similarly with in situ measurements and differences in the
temporal statistics are small, with correlation coefficients against in situ data ranging from 0.65 to 0.95,
depending on the site. Evaporation estimates from GLEAM-HR are typically bounded by the high values
of the Makkink evaporation and the low values from LSA-SAF. While GLEAM-HR and LSA-SAF show the
highest spatial detail, their geographical patterns diverge strongly due to differences in model assumptions,
model parameterizations, and forcing data. The separate consideration of rainfall interception loss by tall
vegetation in GLEAM-HR is a key cause of this divergence: while LSA-SAF reports maximum annual
evaporation volumes in the Green Heart of The Netherlands, an area dominated by shrubs and grasses,
GLEAM-HR shows its maximum in the national parks of the Veluwe and Heuvelrug, both densely-forested
regions where rainfall interception loss is a dominant process. The pioneering dataset presented here is
unique in that it provides observational-based estimates at high resolution under all weather conditions,
and represents a viable alternative to traditional visible and infrared models to retrieve evaporation
at field scales.
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1. Introduction
Terrestrial evaporation—the total flux of water from land to atmosphere—regulates continental
water budgets, and is an essential variable for water resource management. It is also tightly
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linked to the process of photosynthesis, thereby connecting the hydrological and carbon cycles [1,2].
The consumption of energy during the evaporation process also controls the partitioning of energy
at the surface, and ultimately the moisture content in the atmospheric boundary layer. As such,
evaporation affects local and remote cloud formation, precipitation and air temperature [3–6].
This feedback can be critical for drought and heatwave occurrence and evolution, especially in
regions and times where convection plays a dominant roll in the development of rainfall events [7,8].
Following the expected intensification and increasing frequency of droughts and heatwaves under
future climate [9,10], the ability to mitigate the impacts of these events on our water resources, natural
ecosystems, and food production systems strongly relies on the capability to predict the dynamics of
evaporation during these events. That would allow for prompt and effective management in order
to reduce socio-economic and natural impacts of extreme climate events. In addition, near-real time
monitoring of land evaporation might enable the early diagnosis of agricultural droughts [11,12].
The estimation and observation of land evaporation at different spatio-temporal scales has
achieved much attention in recent years [13–19]. Given the sparsity of in situ networks over land based
on meteorological towers (e.g., eddy-covariance or Bowen-ratio), evaporation pans, or lysimeters,
remote sensing has been put forward as alternative to routinely monitor evaporation and obtain
spatially-distributed retrievals over large areas [20]. Because evaporation cannot be observed directly
using remote sensors, different statistical or process-based models have been proposed to yield
estimates of evaporation by combining remotely-observable variables related to this biophysical
process [14,16,21]. However, datasets of land evaporation do not yet meet the requirements for
local-scale water management and agricultural applications such as irrigation planning, which demand
both high spatial (sub-kilometre) and temporal resolution (daily to sub-daily) [18].
Traditional methods typically use changes in land-surface temperature (LST), retrieved from
remote sensors, to estimate terrestrial evaporation as a residual of the surface energy balance [22–24].
Nowadays, the use of LST—derived from thermal infrared (TIR) sensors onboard satellites [25],
cubesats [26], or drones [27]—in these algorithms allows for estimating land evaporation at high
spatial (up to 1 m using drones) and temporal resolutions (up to several minutes using geostationary
imagery), with a limited need for ancillary data [25]. However, TIR measurements are affected
by clouds [28], restricting the estimation of land evaporation to times with optimal weather
conditions [29]. While estimates of LST from microwave (MW) observations might overcome this
problem [28,30], they suffer from a substantially coarser native spatial resolution (several kilometres).
In addition to these issues, energy-balance methods often target the accurate estimation of the sensible
heat flux, relying on assumptions regarding the vertical temperature gradient and the aerodynamic
conductance of the atmosphere, and calculate the evaporative flux as the residual of the surface energy
balance [22–24,31].
Alternative methods to derive terrestrial evaporation directly target the flux using
process-based algorithms. However, most of them have been originally designed for global-scale
applications [32–36]. The Global Land Evaporation Amsterdam Model (GLEAM) is such a model,
designed to estimate land evaporation and its separate components (i.e., transpiration, bare soil
evaporation, rainfall interception loss, open-water evaporation, and sublimation) at the global scale
using only remote sensing observations, primarily retrieved from MW sensors on polar-orbiting
satellites [35]. Global datasets of terrestrial evaporation and root-zone soil moisture derived using
GLEAM (www.gleam.eu) have been widely used to study the global water cycle [37,38] and
land-atmosphere feedbacks [39,40] and to evaluate and improve land-surface models [41] and
reanalysis datasets [42]. However, the application of GLEAM for local water management or
agricultural planning has been hindered by its spatial resolution, resulting from the coarse-scale
inputs typically used to force the model. Nonetheless, the algorithm is in principle applicable at finer
resolutions if the required forcing data are available.
Recent progress in the field of Earth observation has resulted in a plethora of satellite-based
observations spanning multiple spatial and temporal scales [19]. Also in the MW domain, efforts
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to combine measurements from different sensors and to improve retrieval algorithms [43–45] have
resulted in the availability of MW-based geophysical parameters at field scales [45]. These advances
enable the estimation of land evaporation using GLEAM at similar spatial scales.
Here, we force GLEAM using novel, all-weather, high-resolution (100 m) MW data over
The Netherlands, Flanders and western Germany and assess the capability of the model to estimate
land evaporation at these scales. We validate the high-resolution estimates of land evaporation against
in situ measurements from five eddy-covariance towers within the study domain. In addition, we also
evaluate the surface soil moisture estimates from GLEAM using in situ measurements from 29 soil
moisture sensors. The quality of the high-resolution land evaporation dataset is further compared
to similar datasets available over the study domain. Finally, we evaluate the spatial patterns of land
evaporation, and discuss the response of evaporation to the summer drought in 2013. As GLEAM has
been designed to estimate land evaporation at the global scale and relatively coarse spatial resolution
(±25 km), this study will provide insights on the applicability of the model assumptions and structure
at much finer resolution, which will foster the estimation of terrestrial evaporation at resolutions useful
for local water management and agriculture.
2. Materials and Methods
2.1. GLEAM
GLEAM is a process-based semi-empirical model aiming at the estimation of land evaporation
and its separate components [35]. Here, we employ the recently developed version 3 of the model [46].
The key aspects of GLEAM are (1) the extensive use of MW observations, enabling the estimation of
land evaporation under cloudy conditions; (2) the detailed modelling of rainfall interception loss using
the Gash analytical model [47–49]; and (3) the consideration of soil moisture and vegetation water
content to constrain the estimates of potential evaporation.
The model first calculates potential evaporation using the Priestley and Taylor equation [50]
for four sub-pixel land cover fractions: (1) open water; (2) low vegetation; (3) tall vegetation;
and (4) bare soil. The Priestley and Taylor equation calculates potential evaporation by scaling
the radiation-based term of the Penman–Monteith equation using the Priestley and Taylor constant,
thereby only relying on net radiation and air temperature as inputs, thus avoiding the need for
atmospheric humidity and near-surface winds, that are hard to observe from space. For the vegetated
fraction, potential transpiration is constrained using a multiplicative evaporative stress factor based on
root-zone soil moisture and MW vegetation optical depth (VOD) [46], a parameter closely linked
to vegetation water content [51]. The root-zone soil moisture is calculated using a multi-layer
water-balance model forced with observations of precipitation, and optimized via data assimilation
of surface soil moisture. The data assimilation system is based on a Newtonian Nudging scheme,
where the MW observations and modelled surface soil moisture are weighted based on their random
errors, estimated using a triple collocation analysis [46,52]. The stress factor for the bare soil fraction
is a function of surface soil moisture only, while for the fraction of open water no evaporative stress
is assumed. For snow-covered pixels, sublimation is calculated using a specific parameterization of
the Priestley and Taylor equation [53]. Rainfall interception loss is estimated for tall vegetation using
the implementation of Gash’s analytical model of rainfall interception loss [47] by Valente et al. [48].
The latter is based on a water-balance model of the canopy forced with observations of precipitation,
and taking into account both vegetation and rainfall properties. The total terrestrial evaporation
results from the addition of transpiration, rainfall interception loss, bare soil evaporation, open-water
evaporation and snow sublimation. For a detailed description of the model baseline, we refer to
Miralles et al. [35,49] and Martens et al. [46,52].
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2.2. Forcing Data
Table 1 lists the forcing datasets used in this study. All variables are processed over
The Netherlands, Flanders and western Germany and are linearly resampled to a 100 m spatial
grid and (when necessary) aggregated to a daily temporal resolution. The period considered is
2012–2017, yet 2012 is used as a spin-up for GLEAM [46], hence it will not be considered in the
evaluation of the model. Except for the soil properties (used to parameterize the soil–water balance
model in GLEAM), and the precipitation dataset, all forcing variables are obtained from satellite-based
measurements. Note that atmospheric forcing variables (such as incoming radiation and precipitation)
come originally at coarser spatial resolution, but because atmospheric forcing is more spatially uniform
than the (heterogeneous) land properties, the use of 100 m as target resolution appears justified.
Aiming at the most accurate calculation of the available energy at the surface, radiation
components from different satellite-based datasets are combined. Incoming shortwave (Sd) and
longwave (Ld) surface radiation fluxes are retrieved from measurements of the Spinning Enhanced
Visible and Infrared Imager (SEVIRI) onboard the Meteosat Second Generation (MSG) satellite, and
are obtained from the EUMETSAT Satellite Application Facility on Land Surface Analysis (LSA-SAF,
http://lsa-saf.eumetsat.int) [54]. The native spatial resolution of the SEVIRI instrument is 3.1 km at
the nadir, but reduces towards approximately 5 km over Europe. Albedo—required to estimate the
reflected shortwave radiation (Su) at the surface—is sourced from measurements of the MODerate
resolution Imaging Spectroradiometer (MODIS) instruments onboard Terra and Aqua. Here, the 16-day
MCD43A3 albedo product [55] at 500 m spatial resolution is used, which is linearly resampled to
a daily time interval. Finally, the emitted longwave radiation flux at the surface (Lu) is estimated using
land-surface emissivity from LSA-SAF [54] and MW-based estimates of LST at 100 m spatial resolution
from VanderSat (https://www.vandersat.com/) [45]. To obtain consistent radiation fluxes, each flux is
individually scaled towards coarse-scale products obtained from measurements of the Clouds and
the Earth’s Radiant Energy System (CERES) onboard Terra [56]. The scaling involves a multiplicative
bias-correction at the 1◦ spatial resolution of CERES, preserving the higher resolution spatial features
of the underlying datasets (Appendix A).
Precipitation is obtained from a network of five ground-based, C-band Doppler radars located
in The Netherlands (operated by the Royal Meteorological Institute of The Netherlands, KNMI) and
Germany (operated by the German Weather Service). Individual radar images are first merged,
and subsequently corrected using in situ rain gauge measurements [57]. The final daily dataset is
curated by Royal Haskoning DHV (https://www.royalhaskoningdhv.com/) and is available at a 1 km
spatial resolution.
VOD, surface soil moisture, and LST are retrieved by the Land Parameter Retrieval Model
(LPRM) [43,44,58] on downscaled measurements of the Advanced Microwave Scanning Radiometer 2
(AMSR-2) instrument onboard the GCOM-W1 satellite. The data are available at a daily time interval
and 100 m spatial resolution [45]. Because GLEAM uses triple collocation to compute the uncertainties
in the MW-based soil moisture that is assimilated [46,52], a third independent dataset of soil moisture is
also required. Here, the soil–water index calculated from measurements of the Advanced Scatterometer
(ASCAT) onboard Metop A and B from Albergel et al. [59] is adopted. Note that given the daily
availability of MW surface soil moisture observations in this study, the nudging factor in the data
assimilation system is decreased from the value of 1 proposed by Martens et al. [46,52] to a value
of 0.25. The latter avoids that the model is nudged too strongly towards the observations and thus
relaxes the dependence of the model estimates on the MW observations of surface soil moisture [60].
Next to the dynamic input discussed above, GLEAM also adopts three static datasets to describe
the soil properties, spatial vegetation variability, and rainfall characteristics. Soil properties are
obtained from the SoilGrids250m dataset [61] and land cover fractions from the MODIS MOD44B
product [62], both available at 250 m resolution. The latter is a yearly product but is averaged over the
study period to obtain a static map of vegetation fractions, as in Martens et al. [46]. Finally, similar to
Miralles et al. [49], monthly average rainfall intensities used to model rainfall interception loss in
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GLEAM are obtained from the Combined Global Lightning Flash Rate Density monthly product [63]
available at 5 km spatial resolution.
Table 1. Datasets used to produce the forcing for GLEAM-HR together with their approximate native





Sd, Ld, Su, Lu CERES L3SYN1DEG 100 km 1 day Wielicky et al. [56]
Sd, Ld Meteosat LSA SAF DIDSSF/DIDSLF 3.1 km 1 day Trigo et al. [54]
Emissivity Meteosat LSA SAF EM 3.1 km 1 day Trigo et al. [54]
Albedo MODIS MCD43A3 500 m 16 day Schaaf and Wang [55]
LST VanderSat LST-100 100 m 1 day VanderSat [45]
Precipitation Nationale Regenradar 1 km 5 min Royal Haskoning DHV and
Nelen and Schuurmans [57]
VOD VanderSat VOD-C1N-100 100 m 1 day VanderSat [45]
Soil Moisture VanderSat SM-C1N-100-SWI-T10 100 m 1 day VanderSat [45]
ASCAT-SWI 10 km 1 day Albergel et al. [59]
Cover Fractions MODIS MOD44B 250 m 1 year Dimiceli et al. [62]
Soil Properties SoilGrids250m 250 m — Hengl et al. [61]
Lightning Frequency LIS/OTD 5 km — Mach et al. [63]
2.3. Evaluation Data
2.3.1. In Situ Soil Moisture and Evaporation
Table 2 shows the locations and data availability of the in situ eddy-covariance measurements.
Note that in situ measurements are only processed for the period 2013–2017, as 2012 is used to spin up
GLEAM (Section 2.2). Measurements from NL-Ca1 are downloaded from the Cabauw Experimental
Site for Atmospheric Research (CESAR) web portal, while data from DE-RuR originates from the
TERENO data infrastructure. Data from DE-RuS is sourced from the European Fluxes database
cluster, and measurements from BE-Bra and NL-Loo are acquired from the FLUXNET 2015 dataset.
All eddy-covariance datasets are processed as in Martens et al. [46], including (1) masking of unreliable
data based on quality flags in the official datasets; (2) masking of outliers and repetitive measurements;
(3) masking of rain intervals—identified using precipitation data included in the dataset, and the
precipitation forcing (Table 1)—to avoid the use of unreliable measurements from wet sensors [64];
and (4) aggregation to a daily temporal resolution.
In situ measurements of surface soil moisture (i.e., sensors installed at a maximum depth of 10 cm,
corresponding to the lower level of the first soil layer in GLEAM) are obtained from the database of
the International Soil Moisture Network (ISMN) [65,66], and the regional soil moisture network in the
Raam catchment [67]. Data are processed using a similar procedure as for the eddy-covariance data,
except for the rain mask, which is not applied.
Aiming at a robust validation, only stations reporting a minimum of 150 measurements after
masking are considered in this study, resulting in a validation dataset with measurements from five
eddy-covariance towers (Table 2), and 29 surface soil moisture sensors. Note that measurements from
sensors falling within the same 100 m model pixel are not averaged to avoid potential problems with
data gaps and biases between in situ sensors. Figure 1 shows the locations of the in situ sites within
the bounding box of the study domain, with the multi-annual yearly normalized difference vegetation
index from LandSat 8 as a background. Eddy-covariance sites span different vegetation types and
are well-distributed across the study domain, as shown in Figure 1. Soil moisture validation sites, on
the other hand, are clustered in the Eifel area in west Germany, and the Raam catchment in the east
of The Netherlands. The latter is an intensively-measured, medium-scale 223 km2 catchment where
data from 14 soil moisture sensors are available [67]. Also note that measurements of both surface soil
moisture and evaporation are available at three sites (Table 2 and Figure 1).
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Table 2. Eddy-covariance sites used in this study together with their FLUXNET code (ID), latitude,
longitude, International Geosphere-Biosphere Programme (IGBP) land cover (LC), data coverage
within the study period (number of daily measurements between brackets), and official reference
(or principal investigator (PI)). ∗ Indicates that both measurements of surface soil moisture and
evaporation are available.
ID Latitude Longitude LC Data Coverage Reference/PI
BE-Bra 51.31 4.52 MF 2013–2014 (187) Carrara et al. [68]
DE-RuR ∗ 50.62 6.30 GRA 2013–2016 (334/1253 ∗) Borchard et al. [69]
DE-RuS ∗ 50.87 6.45 CRO 2013–2015 (193/573 ∗) Eder et al. [70]
Nl-Ca1 51.97 4.93 GRA 2013–2017 (473) Chen et al. [71]





3°E 4°E 6°E5°E 7°E
Figure 1. Multi-annual (2013–2017) yearly NDVI from Landsat 8 over the study domain with indication
of in situ soil moisture sites (open circles) and eddy-covariance towers (triangles). The outline of the
symbols is linearly proportional to the length of the data record at the sites.
2.3.2. Gridded Evaporation
The high-resolution GLEAM evaporation data (hereafter referred to as GLEAM-HR) are also
compared against the LSA-SAF [54], GLEAM v3.2b [46], and Makkink (https://data.knmi.nl/) daily
evaporation products.
LSA-SAF is obtained from forcing a physically-based soil vegetation atmosphere model
with inputs derived from MSG-SEVIRI and meteorological forecasts from the European Centre
for Medium-Range Weather Forecasts (ECMWF) [72]. Similar to GLEAM, the algorithm first
estimates evaporation for several sub-pixel land-cover units—characterized using the ECOCLIMAP
dataset [73]—and aggregates the resulting estimates to the pixel level. The model is parameterized
using look-up tables and the ECOCLIMAP dataset. Estimates are available at the native resolution of
the MSG-SEVIRI instrument, which is approximately 5 km over western Europe.
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GLEAM v3.2b is a daily, global, satellite-based dataset of terrestrial evaporation, available at 0.25◦
spatial resolution [46]. It is based on the same version of the GLEAM model that is adopted here,
but forced with coarse-resolution inputs.
Finally, KNMI provides a daily evaporation product for The Netherlands by interpolating
reference grass evaporation estimated from meteorological measurements at 32 sites using the Makkink
equation [74,75]. The latter is a radiation-based approach and only provides an estimate of land
evaporation for a well-watered reference grass. The estimates are then interpolated using a thin plate
spline method over a 10 km grid.
3. Results and Discussion
3.1. Temporal Evaluation of Surface Soil Moisture
Given the relatively high volumes of rainfall, water availability is generally not limiting the
evaporative flux in the study domain [75–77]. Nevertheless, a validation of the soil moisture estimates
from GLEAM-HR against in situ measurements serves the purpose of identifying potential issues with
regards to the input data and tests the validity of the algorithm at high resolutions. Figure 2 shows
violin plots of the validation statistics calculated at the 29 in situ sites with surface soil moisture
measurements. Statistics are shown for the MW observations that are assimilated in GLEAM-HR
(Table 1), GLEAM-HR without data assimilation (i.e., the open loop), GLEAM-HR with assimilation of
MW soil moisture, and the coarse-scale GLEAM v3.2b.
Soil moisture estimates from GLEAM-HR compare reasonably well against in situ measurements,
with a median correlation (R) of 0.76, and values below 0.64 at only seven of the in situ sites (Figure 2a).
The estimates are close to unbiased (Figure 2b), but show a small tendency to overestimate the in situ data.
Mean absolute differences (MAD) roughly vary between 0.03 and 0.13 m3·m−3 (95%-interval), with a median
of 0.07 m3·m−3 (Figure 2c). Part of the latter value is attributed to the bias, as the unbiased MAD (ubMAD)
has a median close to 0.04 m3·m−3 (Figure 2d), which is below the threshold of 0.05 m3·m−3 that is often
considered as the target accuracy for satellite-based soil moisture datasets [78,79].
The MW soil moisture observations generally show lower correlations (median of 0.67, Figure 2a)
than the open loop of GLEAM-HR, but comparable ubMAD (median of 0.04 m3·m−3, Figure 2d).
In addition, the bias of the MW observations is close to zero, with a tendency to underestimate
the in situ soil moisture (Figure 2b). Assimilating the MW observations in GLEAM-HR has
a small but positive impact on the estimates of surface soil moisture: comparing the violin plots
of GLEAM-HR against the ones for the open loop of GLEAM-HR reveals an overall increase in R
(upward shift of the distribution, Figure 2a). Note that the MD of the open loop and GLEAM-HR are
the same (Figure 2b), as the data assimilation includes a scaling of the MW observations towards
the soil moisture estimates of the open loop [46,52]. The impact of the data assimilation system on
the MAD and ubMAD is less clear, but slightly positive (Figure 2c,d). The relatively simple data
assimilation algorithm implemented in GLEAM-HR is thus able to extract valuable information from
the MW observations, and to increase the overall quality of the GLEAM-HR soil moisture estimates.
Temporal statistics in Figure 2 reveal that the soil moisture dynamics from the global GLEAM v3.2b
are equally reliable, despite their coarser spatial resolution. Figure 2a shows that both the median and
third quartile of the R-distribution are rather similar for GLEAM-HR and GLEAM v3.2b. However,
the correlation coefficient at a couple of sites is lower for GLEAM-HR, while, for GLEAM v3.2b, the
correlation coefficients are consistently concentrated around their median value of 0.78. The bias
(Figure 2b) of GLEAM-HR, on the other hand, is considerably lower, also resulting in lower values of
the MAD (Figure 2c), while the ubMAD is similar for both datasets (Figure 2d). The lower bias for
GLEAM-HR can be attributed to the added realism of the soil properties used in GLEAM-HR that
set the range of absolute soil moisture values. Differences in R and the ubMAD, on the other hand,
reflect discrepancies in the dynamic forcing used in both. Uncertainties in net radiation and, to the
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largest extent, precipitation control the temporal variability of the surface soil moisture estimates from
GLEAM-HR and its agreement against in situ measurements.
Although the ground-based radar composite used in this study (Table 1) covers western Germany
and Flanders, the quality over these regions is lower due to the lower number of in situ rain gauges
in these areas available to correct the radar retrievals (note that this effect might also occur along
the coast of The Netherlands, since only inland gauges are used here) [57]. Only considering soil
moisture validation sites in The Netherlands has a clear and positive impact on the validation statistics
of GLEAM-HR (Figure A1), as most sites with poor validation statistics are removed from the sample.
In addition, both the median and third quartile of the R-distribution are higher than the ones from
GLEAM v3.2b at the same sample of sites, while the first quartile of the distribution still remains slightly
lower (Figure A1a). Conclusions in terms of MD, MAD, and ubMAD remain similar (Figure A1b–d).
We would like to emphasize that the results for this evaluation may not provide an unbiased
assessment of the quality of soil moisture over the entire domain, due to the high concentration of in situ
sensors in the Raam catchment (Figure 1), while only a limited number of sensors is available in other
parts of the study area with different soil properties, land cover, and atmospheric forcing. Given the
strong spatial variability of parameters dominating the temporal dynamics (and spatial patterns)














R [–] MD [m3.m-3]











Figure 2. Violin plots of the validation statistics of surface soil moisture from microwave
observations (MW-OBS), GLEAM-HR without data assimilation (OL), GLEAM-HR, and GLEAM v3.2b.
Violins represent the distribution of the validation statistics with indication of the median (white dot),
interquartile range (thick line), and 95% interval (thin line). Individual statistics are calculated for
29 soil moisture sensors and include (a) Pearson correlation coefficient (R), (b) mean difference
(MD, in situ as a reference), (c) mean absolute difference (MAD), and (d) unbiased MAD (ubMAD).
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3.2. Evaluation of Evaporation
3.2.1. Temporal Evaluation
Figure 3 shows the validation statistics for the estimates of land evaporation from GLEAM-HR,
the open loop of GLEAM-HR, GLEAM v3.2b, LSA-SAF, and the Makkink dataset at each
eddy-covariance site. Estimates from GLEAM-HR compare well with in situ measurements of
evaporation, with a median correlation coefficient of 0.78 across all five sites. On average, a slight
negative bias is observed, except for BE-Bra and NL-Loo, where GLEAM-HR tends to overestimate
evaporation. The ubMAD ranges between 0.37 mm·day−1 at NL-Ca1 and 0.77 mm·day−1 at NL-Loo.
The impact of soil moisture data assimilation on the estimates of evaporation from GLEAM-HR is
negligible due to the relatively wet climate in the study domain, and consequently, the low control
of soil–water availability on land evaporation [75–77]. Averaged over the five eddy-covariance sites,
surface soil moisture from GLEAM-HR only drops below the critical soil moisture—i.e., the value
where evaporation starts to be limited by soil–water availability—at 11% of the days in the study period.
In general, inter-dataset differences in temporal validation statistics are low. GLEAM v3.2b
shows slightly higher values for R at BE-Bra and NL-Loo, but worse ubMAD at DE-Rur and NL-Ca1
as compared to GLEAM-HR. LSA-SAF is the only dataset consistently underestimating the in situ
measurements, but shows similar values for the other statistics.
On the other hand, validation statistics differ substantially between the five in situ sites.
At DE-Rur, DE-Rus, and NL-Ca1, all products perform considerably better than at the other two sites,
with correlation coefficients reaching 0.9 at the sites in Germany, and 0.95 at NL-Ca1, indicative of the
strong temporal agreement between the products and the in situ measurements. Similar conclusions
may be drawn for the other statistics, except at DE-RuS, where the bias and MAD are also the
highest across all sites, and for all products. At BE-Bra and NL-Loo, all products perform relatively
worse, with values for R between 0.6 and 0.7, depending on the dataset and eddy-covariance site.
Note that eddy-covariance measurements tend to underestimate the latent heat flux and that the
energy balance is generally not closed due to sub-optimal atmospheric conditions for eddy-covariance
calculations at certain times, mismatch in the spatial footprint of different sensors at the tower, and poor
characterization of the soil heat flux [80,81]. As such, the consistently worse performance by all models
at certain sites might reflect uncertainty in the in situ data as well. In the case of BE-Bra, the site is in
the close proximity of an urban area; the impact of this aspect on the measurements, and the fact that
none of the algorithms considered here parameterizes specifically urban areas, may affect validation
results as well.
At NL-Ca1 and NL-Loo, we also evaluate the Makkink dataset (note that the Makkink dataset is
only available over The Netherlands; see also Section 2.3.2). Correlation coefficients of 0.95 and 0.6 are
obtained for NL-Ca1 and NL-Loo, respectively, similar to the other datasets. However, the dataset
consistently overestimates land evaporation at both sites, as the Makkink equation only considers
the atmospheric demand for water over a reference grass, and does not account for any land surface
control over the flux. The high correlation indicates the strong temporal agreement between potential
and actual evaporation over The Netherlands, which has already been highlighted by Jacobs and
De Bruin [76] and Jacobs et al. [77]. The bias, on the other hand, demonstrates the need for a proper
(seasonally-dependent) crop coefficient to account for the land surface control over the flux.
Figure 4 shows time series of GLEAM-HR, GLEAM v3.2b, LSA-SAF, and the Makkink dataset at
NL-Ca1 and NL-Loo. These time series show that all products are able to capture the seasonal cycle of
land evaporation at both sites. As expected, differences at NL-Ca1 are small, and all products closely
follow the in situ measurements. At NL-Loo, more explicit differences are found, especially during
winter time where GLEAM-HR and GLEAM v3.2b show both larger variability and absolute values of
evaporation. This might be explained by the explicit consideration of rainfall interception loss in the
algorithm, which becomes relatively more important during winter given the low volumes of transpiration
and bare soil evaporation. Note that this can also be seen at NL-Ca1, although less clear. Also in summer
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2013, clear differences between the products can be found at NL-Loo, which can be related to the different














































Figure 3. Validation statistics for land evaporation from GLEAM-HR, GLEAM-HR without data
assimilation (OL), GLEAM v3.2b, LSA-SAF, and the Makkink dataset. Validation statistics are
calculated at five eddy-covariance sites and include Pearson correlation coefficient (R), mean difference
(MD, in situ as a reference), mean absolute difference (MAD), and unbiased MAD (ubMAD). Grey indicates
no data. For all plots, lighter colours represent relative better statistics.
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Figure 4. Time series of land evaporation (mm·day−1) at NL-Ca1 and NL-Loo from GLEAM-HR (c,d),
GLEAM v3.2b (e,f), LSA-SAF (g,h), and the Makkink dataset (i,j). Black dots show the eddy-covariance
measurements. (a,b) show the time series of all products in one panel.
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3.2.2. Spatial Evaluation
Figure 5 shows the multi-year (2013–2017) mean of annual evaporation from GLEAM-HR (a),
GLEAM v3.2b (b), LSA-SAF (c), and the Makkink product (d), and the difference of each with the
multi-product ensemble mean (e–h). Note that we limit the study area to The Netherlands here
because of the lower quality of the radar rainfall in GLEAM-HR outside the country (Section 3.1),
and the fact that the Makkink product is only available for this area. All datasets show substantial
differences, with GLEAM-HR and GLEAM v3.2b typically bounded by the low values from LSA-SAF,
and the high values from the Makkink dataset. The mean evaporation over The Netherlands amounts
to 494, 569, 437, and 602 mm·year−1 for GLEAM-HR, GLEAM v3.2b, LSA-SAF, and the Makkink
product, respectively. Note that the high values for the Makkink dataset are due to the fact that
it represents reference grass evaporation rather than actual evaporation [74]. The lower values in
LSA-SAF, on the other hand, might relate to the non-specific consideration of rainfall interception
loss [72], which represents a substantial fraction of the total flux in forested areas [36,82].
Despite similar temporal statistics (Section 3.2.1), all datasets show substantially different
spatial patterns. The highest spatial detail is reflected by GLEAM-HR (Figure 5a). On the other hand,
the Makkink dataset shows a smooth spatial pattern due to its spline interpolation based on a limited
number of stations (Section 2.3.2), and its high dependency on total incoming radiation [74], which reflects
a very gradual increase towards the southwest (Figure 5d). However, spatial gradients in the Makkink
dataset are small as compared to the other datasets (note the different colour range in Figure 5a–d).
Although obtained using the same algorithm, GLEAM v3.2b and GLEAM-HR show substantial
differences in their spatial detail and magnitudes. Obviously, the higher spatial detail in GLEAM-HR
can be attributed to the high-resolution forcing and more detailed parameterization of the land surface.
Given that the radiation forcing of GLEAM-HR is bias-corrected using the GLEAM v3.2b radiation forcing
(see Section 2.2), differences in magnitude are most probably due to the rainfall forcing, mainly affecting
the interception loss volume in the study domain. Note that, given the low evaporative stress throughout
the year, the effect of the rainfall forcing on the other evaporation components is negligible.
The overall patterns in GLEAM-HR and LSA-SAF are substantially different as well (Figure 5a,c).
Both datasets agree on the lower values near the coast, which relate to the presence of large urban
areas like Rotterdam, the Hague, and Amsterdam (Figure A2a). While urban areas are not explicitly
modelled in any of the algorithms, they are associated with a large fraction of bare soil and high land
surface temperatures, which yields low evaporation estimates. In case of LSA-SAF, the low values
for most cities in The Netherlands (Figure A2a) are more apparent (Figure 5c). The maximum annual
evaporation is reported by LSA-SAF at approximately 52◦N–5◦E in the Green Heart of The Netherlands,
a large vegetated area dominated by low vegetation types such as shrubs and grasses (Figure A2a).
While GLEAM-HR shows similar values of approximately 500 mm·year−1 in this region, its two
spatial maxima occur eastwards, in the national parks of Heuvelrug (52.25◦N–5.25◦E) and the Veluwe
(52.25◦N–5.75◦E), both densely-forested regions (Figure A2a). The dense vegetation together with
the high precipitation volumes in the region [83] result in large fluxes of transpiration and rainfall
interception loss. This effect is also apparent in smaller forested areas in the south and east of
The Netherlands (Figures A2a and 5a). Note that this pattern is not captured by LSA-SAF, as rainfall
interception loss is not explicitly modelled, plus it occurs during cloudy periods when retrievals from
Meteosat are either not available or of lower quality.




























































Figure 5. Multi-annual (2013–2017) mean of annual evaporation (mm·year−1) from GLEAM-HR (a);
GLEAM v3.2b (b); LSA-SAF (c); and the Makkink dataset (d); and their difference with the
multi-product ensemble mean (e–h).
3.3. Summer Drought 2013
In 2013, only 740 mm of precipitation was recorded over The Netherlands, approximately 100 mm
less than the long-term multi-annual average (https://www.knmi.nl/). The year 2013 can thus be
considered as a relatively dry year, with below-average precipitation during January–April and
June–August. As discussed in Section 3.2.1, soil–water availability is generally not affecting the
evaporation rate in The Netherlands. Hence, potential evaporation is maintained for large parts of the
year; i.e., the surface is able to supply the atmospheric demand for water [75–77]. However, during dry
spells, soil water can be exceptionally low, resulting in evaporative water stress and a consequent
reduction in land evaporation. In addition, below-average rainfall also results in reductions of rainfall
interception loss, which substantially affect the total evaporative flux in forested regions.
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Figure 6a shows the anomaly of the cumulative evaporation curve for 2013 (averaged over
The Netherlands), relative to the multi-annual (2013–2017) mean for GLEAM-HR, LSA-SAF, and
the Makkink dataset. The annual volume of evaporation in 2013 is approximately 20 mm (−4.5%,
LSA-SAF), 25 mm (−4%, Makkink), and 28 mm (−5.5%, GLEAM-HR) less than the the climatological
mean of each product. While these volumes are relatively similar, each dataset shows substantially
different temporal dynamics in the anomaly time series, especially during summer (Figure 6a), when
evaporation volumes are higher and the rainfall anomaly is stronger. The Makkink dataset shows
a decrease in the curve at the beginning of summer, but an increase from July onward, following
the dynamics of surface net radiation (Figure 7a). LSA-SAF, on the other hand, shows a relatively
horizontal curve during summer, indicating that—averaged over The Netherlands—evaporation is
close to normal during this period. Finally, GLEAM-HR shows a decreasing trend in the curve during
all summer months, with the steepest decrease in August–September, coinciding with the strongest
anomaly in precipitation (Figure 7a).
Figure 6b–j reveal that the spatial response of land evaporation to the 2013 summer drought
also differs substantially per product. As expected, the Makkink dataset does not respond to the
drought in 2013 and fully follows the radiation patterns (Figure 7e–g), resulting in below-average
evaporation in June (Figure 6h), and above-average evaporation in July–August (Figure 6i,j).
LSA-SAF and GLEAM-HR both consider a soil–water constraint on evaporation, and do respond
to the rainfall deficits. However, the spatial patterns of the evaporation anomalies in both
datasets are substantially different, with, in general, a more conservative response of LSA-SAF
(compared to GLEAM-HR) to the rainfall anomalies. Note that the patterns in LSA-SAF can generally
not be related to the precipitation and radiation anomalies shown in Figure 7, suggesting that other
variables used to force the algorithm are responsible for driving the patterns.
Evaporation anomalies from GLEAM-HR (Figure 6b–d) during the summer drought mainly
follow the anomalies in the estimated soil moisture from GLEAM-HR (Figure A3), which are strongly
affected by the rainfall patterns (Figure 7b–d). As shown, negative anomalies in evaporation as a result
of water stress first develop in sandy soils (Figure A2b), characteristic of their low water holding
capacity. This effect can clearly be observed in August, when the cumulative rainfall deficit almost
reaches its maximum (Figure 7a): while root-zone soil moisture anomalies are negative throughout the
country, the strongest evaporation anomalies are found in sandy soils, while anomalies in clayey soils
more towards the west are positive (Figure A2b). The latter is explained by the larger water holding
capacity of these soils. Although the root-zone soil moisture is strongly depleted and anomalously low,
soil water is still available to (partly) meet the atmospheric demand for water set by the positive
anomaly in net radiation (Figure 7g).
The different response of LSA-SAF and GLEAM-HR to rainfall deficits can be explained by
differences in the parameterization of soil moisture stress. While GLEAM-HR adopts a relatively
simple (nonlinear) stress curve [46], LSA-SAF uses the more complex—yet still empirical—Jarvis
function to calculate stomatal conductance and to convert potential into actual evaporation [72,84].
In addition, differences in forcing and forcing uncertainty affect the response of land evaporation to
drought conditions. In GLEAM-HR, root-zone soil moisture is internally calculated using a simple
water-balance model, forced by high-resolution observations of precipitation, and updated using a soil
moisture data assimilation system. In LSA-SAF, on the other hand, root-zone soil moisture is obtained
from the ECMWF operational forecast model which provides data at coarser spatial resolution than
the target resolution of LSA-SAF [72]. Given the high spatial variability of root-zone soil moisture as
a result of the heterogeneity in soil properties, vegetation cover, and (to a lesser extent) atmospheric
forcing, the coarse-scale soil moisture in LSA-SAF thus underestimates this variability and its impact
on evaporation. In addition, note that, in addition to the differences in soil moisture stress resulting
in reduced transpiration and soil evaporation, GLEAM-HR also considers rainfall interception loss,
which strongly affects the total evaporation in densely-forested areas.
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Figure 6. Anomalies of terrestrial evaporation in 2013. (a) shows the anomalies of the
spatially-averaged, cumulative evaporation curve (mm) for 2013 (relative to the 2013–2017 mean)
for GLEAM-HR, LSA-SAF, and the Makkink dataset. The shaded area corresponds to the months
June–August; (b–j) show maps of the monthly anomalies of evaporation (mm·month−1) from
GLEAM-HR (b–d), LSA-SAF (e–g), and the Makkink dataset (h–j) for June–August 2013. Anomalies are
calculated relative to the multi-annual (2013–2017) average monthly values.
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Figure 7. Anomalies of precipitation and surface net radiation in 2013. (a) shows the anomalies of the
spatially-averaged, cumulative precipitation (mm, left axis), and net radiation curve (J·m−2, right axis)
for 2013 (relative to the 2013–2017 mean). The shaded area corresponds to the months June–August;
(b–g) show maps of the monthly anomalies of precipitation (mm·month−1), (b–d) and surface net
radiation (W·m−2), (e–g) for June–August 2013. Anomalies are calculated relative to the multi-annual
(2013–2017) average monthly values.
4. Conclusions
GLEAM is a relatively simple process-based model originally designed to estimate land
evaporation for climatological studies, running at coarse resolution and global scales [35]. This study
evaluated for the first time the potential of GLEAM to be applied at field scales. As such, the model
was forced using all-weather, high-resolution inputs (100 m) over The Netherlands, Flanders and
western Germany and the estimates of root-zone soil moisture and land evaporation from GLEAM-HR
were evaluated against a sample of in situ measurements from soil moisture sensors (29 sites) and
eddy-covariance towers (five sites). In addition, GLEAM-HR was compared against the coarse-scale
GLEAM v3.2b product (±25 km), the LSA-SAF evaporation product (±5 km), and the Makkink
evaporation product from KNMI (10 km). Spatial patterns were also inter-compared, and their ability
to respond to water stress was evaluated during the summer drought in 2013.
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The temporal evaluation of GLEAM-HR against in situ data showed the ability of the model to
retrieve temporal dynamics of surface soil moisture, as indicated by a median R and ubMAD across
all sensors of 0.76 and 0.04 m3·m−3, respectively. In addition, the relatively simple data assimilation
system in GLEAM-HR was able to extract valuable information from the MW observations of soil
moisture, yielding a mild improvement in the temporal dynamics. Meanwhile, the coarse-resolution
GLEAM v3.2b showed equally realistic temporal dynamics in soil moisture, with even a slightly
better performance than GLEAM-HR in regions outside the The Netherlands, where the quality of the
ground-based radar rainfall product—used as an input in GLEAM-HR—is lower.
The estimates of land evaporation from GLEAM-HR were validated against measurements
from five eddy-covariance sites, resulting in correlation coefficients ranging between 0.65 and 0.95,
comparable to the statistics from GLEAM v3.2b, LSA-SAF, and the Makkink dataset from KNMI.
Estimates from GLEAM-HR appeared bounded by the low values from LSA-SAF and the high values
from the Makkink dataset. Despite the similar temporal validation statistics, an in-depth analysis of the
spatial patterns in evaporation yielded remarkable differences across all four datasets. The Makkink
product showed almost no spatial variability due to its smoothing spline interpolation of a short
range of in situ estimates, and GLEAM v3.2b showed only little spatial detail as a result of its coarse
resolution. Both LSA-SAF and GLEAM-HR, on the other hand, showed high spatial heterogeneity,
but patterns were different due to diverging model parameterizations, model assumptions, and forcing
data. The most prevalent difference was attributed to the detailed modelling of rainfall interception
loss in GLEAM-HR, an important flux in forested regions which is not well captured in LSA-SAF.
As a result, the annual maximum evaporation from GLEAM-HR occured in the national parks of the
Veluwe and Heuvelrug, located in the center of The Netherlands, and both densely-forested regions.
LSA-SAF, on the other hand, showed its maximum in the Green Heart of The Netherlands, a region
dominated by lower vegetation types such as grasses and shrubs.
Finally, we evaluated the response of land evaporation to the 2013 summer drought in
The Netherlands. While the Makkink product is only constrained by surface net radiation and
does not respond to changes in precipitation, both LSA-SAF and GLEAM-HR showed below-average
evaporative fluxes in the epicentre of the drought. However, the negative anomalies of GLEAM-HR
were larger, presumably as a result of the higher sensitivity of land evaporation to root-zone soil
moisture and differences in forcing data.
Overall, GLEAM-HR produced qualitative and spatially consistent estimates of root-zone soil
moisture and land evaporation at spatial resolutions useful for agricultural and water management
purposes. Because the algorithm is designed to rely (to a large extent) on MW-based datasets of
environmental forcing variables, resulting in all-weather output, it has an indisputable advantage over
more traditional approaches applied at regional scales based on optical and infrared data [22–24].
The reliance on a Priestley and Taylor framework makes it feasible to run on remote sensing
observations only, and avoids the need for reanalysis data like other remote sensing models designed
for the large scale monitoring of evaporation [18,21].
Nonetheless, the skill of GLEAM-HR to produce high-resolution land evaporation needs to be
further evaluated. As our study domain is relatively uniform in terms of topography and atmospheric
conditions, the performance of GLEAM-HR in other evaporation regimes—especially water-limited
regions—needs to be further investigated. Moreover, although the spatial patterns produced by
GLEAM-HR can be linked to specific landscape features, a formal spatial validation of the estimates
was hampered by the limited number of in situ measurements across the study domain. A more
in-depth evaluation is thus necessary in order to assess the ability of GLEAM-HR to estimate realistic
spatial variability in land evaporation. Nevertheless, as a first attempt to apply GLEAM at high
resolution, this study provided promising insights and demonstrated the potential of the algorithm for
regional-scale applications.
Aiming at improving the applicability of GLEAM-HR, future efforts should focus on (1) enhancing
the spatio-temporal characteristics of the observational forcing data; (2) further evaluating and
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improving the process-based algorithms to cope with potential issues arising from the increasing
resolution; (3) incorporating explicitly processes such as irrigation or urban infrastructures that are
relevant at the finer scales; and (4) reducing the latency time, aiming for an operational dataset that
can be of use for decision-making in agricultural and water management applications.
5. Data Availability
The CERES radiation components can be obtained from https://ceres.larc.nasa.gov/.
The Meteosat LSA-SAF data can be ordered at https://landsaf.ipma.pt/. The MODIS albedo and
land cover fractions can be downloaded from https://lpdaac.usgs.gov/. The ASCAT soil–water
index can be obtained from https://land.copernicus.eu/. VOD, LST, and surface soil moisture from
VanderSat can be obtained upon request from Richard de Jeu. Precipitation from the weather radar
network can be obtained upon request from Hanneke Schuurmans. The SoilGrids250m database
can be downloaded from https://soilgrids.org/. The lightning frequency from LIS/OTD can be
obtained from https://ghrc.nsstc.nasa.gov/home/. The Makkink dataset can be downloaded from
https://data.knmi.nl/. In situ validation data can be obtained using the data portals listed in
Section 2.3.1. The high-resolution evaporation and root-zone soil moisture datasets presented in
this study can be obtained upon request from the corresponding author.
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Appendix A. Bias-Correction Radiation Components
The fine-scale surface radiation components (Sd, Ld, Su, Lu)—estimated from several inconsistent
data sources (Table 1)—are individually scaled towards coarse-scale measurements from CERES [56]
to obtain consistent fluxes. The scaling involves a multiplicative bias correction of the fine-scale fluxes
towards CERES, preserving the spatial detail, but removing the absolute mismatch between the two at
the coarse scale.
First, the coarse-scale field is interpolated over the fine-scale grid using a nearest neighbour
interpolation. For each fine-scale pixel (Fi,j), a multiplicative bias correction factor is then calculated
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by convolving the ratio of the fine (F) and coarse-scale field (C), with a Gaussian kernel of one-sided





















Equation (A2) shows that the bias-correction factor for pixel i, j in the fine-scale grid is essentially
a weighted average of the multiplicative correction factors within a neighbourhood of that pixel.
The actual size of the neighbourhood w equals ± 50 km, approximately half of the resolution of
CERES. Weights within the neighbourhood vary according to a Guassian function with standard
deviation equal to one fourth of w, meaning that weights drop rapidly with the distance from pixel i, j,
and approach essentially zero for distances >25 km from i, j.
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Figure A1. Violin plots of the validation statistics of surface soil moisture from microwave observations
(MW-OBS), GLEAM-HR without data assimilation (OL), GLEAM-HR, and GLEAM v3.2b. Violins
represent the distribution of the validation statistics with indication of the median (white dot),
interquartile range (thick line), and 95% interval (thin line). Individual statistics are calculated
for 17 soil moisture sensors in The Netherlands and include (a) Pearson correlation coefficient (R);
(b) mean difference (MD, in situ as a reference); (c) mean absolute difference (MAD); and (d) unbiased
MAD (ubMAD).



























Figure A2. (a) Land cover obtained from the global European Space Agency Climate Change Initiative
land cover classification map (2015), and (b) simplified soil map of The Netherlands from the
Wageningen University and Research, Environmental Research group (Alterra) [85]; (b) “S.”, “Cl.”,
“L”, and “H” refer to “Sandy”, “Clayey”, “Light”, and “Heavy”, respectively.
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Figure A3. Anomalies of soil moisture from GLEAM-HR in 2013. Maps show monthly anomalies
of surface soil moisture (SSM), (a–c), and root-zone soil moisture (RZSM), (d–f) from GLEAM-HR
(m3·m−3). Anomalies are calculated relative to the multi-annual (2013–2017) average monthly values.
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